Highlights:
Managing risk requires an understanding of the preferences of the decision maker Minimizing downside risk measures can be more preferentially appropriate It is important understand how minimizing the risk impacts the forest management Risk management is accomplished through some form of trade-off
Abstract:
In a recent research article, Robinson et al. (2016. For. Ecol Manage 359:11-18) described a method of estimating uncertainty of harvesting outcomes by analyzing the historical yield to the associated prediction for a large number of harvest operations. We agree with this analysis, and consider it a useful tool to integrate estimates of uncertainty into the optimization process. The authors attempt to manage the risk using two different methods, based on deterministic integer linear programming. The first method focused on maximizing the 10 th quantile of the distribution of predicted volume subject to area constraint, while the second method focused on minimizing the variation of total quantity of volume harvested subject to a harvest constraint. The authors suggest that minimizing the total variation of the harvest could be a useful tool to manage risk.
Managing risks requires trade-offs, however, typically less risk involves higher costs. The authors only superficially stated the costs and did not consider if these costs are reasonable for the management of risk. In this comment, we specifically develop the models used in their article, and demonstrate a method of managing the downside risk by utilizing the Conditional Value at Risk.
Introduction:
Being able to incorporate uncertainty, and the management of risks associated with harvesting decisions are important questions for both small scale and large scale forest owners (PasalodosTato et al. 2013 ). This topic has been recently explored in a research article published by this journal (Robinson et al. 2016 ) (hereafter RMM), which demonstrated a method of incorporating uncertainty through utilizing historical information about harvesting quantities, linking to the predicted values. The authors then demonstrated a method that minimized the variance while achieving a specified harvest target. While the paper demonstrated a useful method of integrating uncertainty through empirical data, the method which they strove to minimize the risk (measured as variance) did not assess the required trade-off to manage the risk.
In order to manage risk, it is important to really understand the meaning behind what risk is. In an application to manage the risk of an investment portfolio, Markowitz (1952) defined risk as the variation of the distribution and that a risk-averse individual would want to minimize the variation with a specific decision. More recently, the ISO has defined risk in a slightly more general fashion as the "effect of uncertainty on objectives" (ISO Guide 73:2009 (Figure 1 ). The key feature of downside risk measures is that only losses below the target set are of importance. Even though RMM have identified a context specific preference towards risk (specifically "the loss associated with under-prediction is held to be less than the loss associated with over-prediction"), the authors have decided to ignore this preferential information, and utilize the more general definition of risk, rather than utilize a downside risk measure. An example of managing downside losses for a multi-period forest harvest scheduling problem is found in Eyvindson and Kangas (2015b) . By focusing solely on the minimization of the variation of the total harvest quantity, RMM did not analyze the increasing costs required to minimize the variation. By focusing on minimizing the variation, the authors seemed to be willing to accept a cost of doubling the area harvested (from 997 ha to 1983 ha) for a modest improvement in the variation. The implicit meaning behind such a large increase of harvested area is that lower volume and possible less productive stands will be harvested. This is a very large cost. To aid in the decision making process, those individuals tasked with making the decision may wish to see the trade-off between increased harvesting area and decreased harvesting variation.
As the authors have identified, managing risk requires a balance of trade-offs. For the investment portfolio problem of Markowitz (1952) , this trade-off occurs between the expected mean return of the investment, and the variation of the expected return of the investment. A choice must be made by the investor, a risk-averse investor would like to minimize the variation, while a riskseeking investor would solely be interested in maximizing the mean return. For the case described by RMM, the trade-off occurs between the variance of the total volume harvested at a specific target and the total area harvested. To represent the trade-off more accurately, an analysis could be done as the trade-off between the total harvest variation and the total cost of conducting the harvest.
In this comment, we clarify the trade-offs that are occurring as the decision maker shifts from being risk-averse to risk-seeking. Additionally we suggest an alternative approach to managing the risk associated with determining the appropriate harvest schedule. Rather than minimizing variation, the objective should be to minimize the total area harvested which provides a specific target volume, while ensuring that a specific downside risk measure is met. This is done by including the CVaR, a coherent risk measure (Artzner et al. 1999; Krokhmal et al. 2011) , as a constraint to the optimization model. In this way, the key constraint is placed in the objective function, and the associated downside risk is set as a constraint. We believe that this kind of optimization process better reflects the intent of area constraint, and focuses harvest on only a limited forest area.
Materials and Methods

Methods
To ensure clarity for the models, we will mathematically describe the models used by RMM (both based on the written description and the supplementary R file). From there, we will emphasize the (probably unintended and most likely unwanted) effects of the optimization models on the forest structure and harvesting costs. We then suggest an alternative way to achieving a specific target with a specified level of risk. While we are not utilizing the same data used by RMM, we are using the simulated data which they suggest is realistic, and we expect is a reflection of the real dataset that they used. As the result that we obtained from the simulated data has the same properties as described in the article, we believe that an appropriate comparison can be made.
The first model used by RMM was a simple integer linear programming model, which maximized the expected harvest, subject to an area constraint (and in the R code a constraint limiting the number of stands harvested). We identify this model as Model 1:
[1] max ∈ subject to:
where is the expected timber harvested for stand j, N is the set of stands under consideration, is the decision variable defining if stand j is to be harvested or not, is the area of stand j, and ta is the limit to the area harvested . This is a simple integer linear programming model, where the objective is to maximize the quantity of timber harvested, subject to: an area constraint ([2]). A note: in the R model provided as a supplement to RMM, there is a constraint limiting the total number of stands harvested ([4] where ts is the limit to the stands harvested), while in the paper there is no mention of this constraint. For this comment, we will not include an additional constraint limiting the total number of stands harvested.
[4]
The second model presented by RMM is one which maximizes the 10 th quantile of the timber harvest predictions, rather than the expected timber harvest. The only change is in the objective function. We identify this model as Model 2:
[5] max ∈ subject to [2] and [3] , where is the q th (in this case q =10) quantile of the distribution of predicted timber harvested for stand j.
The third model is one which minimizes the variation of the total timber harvested, subject to a targeted harvest constraint. We identify this model as Model 3:
[6] min ∈ subject to:
where is the variation of the timber harvested from stand j, and b is the target for the total harvested volume. From the description provided by Robinson et al. (2016) they indicate that the area constraint was replaced by the volume constraint. However, in the R script from the supplementary material, this model also has an area constraint ([2] ). In the R code the maximum area was set to 2,000 ha, which can explain the reason why this model has nearly 2x the area harvested than the models one and two of RMM.
While this model does manage the risk (positive and negative gains), it does so indiscriminately.
The authors of this paper have identified that decision makers are probably more averse to losses associated with under prediction, so this should be the focus of the model. As a demonstration of how the negative losses can be managed, we developed a simple stochastic programming model which can ensure that the CVaR does not exceed a specified limit. In comparison to model 3, this model aims at minimizing the total area harvested while ensuring that the CVaR relating to a specific harvest target is met. The stochastic model, identified as Model 4, is as follows:
[8] min ∈ subject to: 
Materials:
As we did not have access to the actual data, we have used the simulated data produced by the method found in the supplementary materials in RMM. This simulated data represents a forest holding which is 34,858 ha in size, and has a high proportion of stands which have a small amount of timber (Table 1) .
To allow for a comparison between the simulated data set, and the results from the real data, we need to run the simulated data through all of the different models. For ease of comparison, none of the models included a constraint limiting the number of stands harvested. The models were run sequentially, as a volume target is required for models 3 and 4. To understand the influence of adding an area constraint, three versions of model 3 were run: model 3a, b, and c have an area constraint of 1,000 ha, 2,000 ha, and 34,858 ha respectively. Additionally, for model 4, preferential information was required for managing the CVaR. For this case, we arbitrarily selected a value of 5,000 m3 for the CVaR with the confidence level set at 5% ( = 0.05). To allow for readers to explore the models, we have added a supplementary R code which builds upon the work done by RMM. All of the models have been solved by R, with the exception of model 4. The size of the problem is too large for R to solve quickly, so a commercial alternative was used (CPLEX). The R code provides the data, a set of 1,000 scenarios, and the associated model can be found in the supplementary materials. For this case, a scenario represents a fixed set of harvest volumes for each stand. For one scenario, each stand is assigned a specific volume based on the mean and variance for the specific stand. As the scenario based stochastic program is only an approximation of the true problem, it is wise to evaluate an estimate of the gap. To do this, we used the stochastic average approximation method (Kleywegt et al. 2002) , for an application in forestry, readers are referred to Eyvindson and Kangas (2015a) . With a set of 1,000 scenarios the estimated gap in the CVaR constraint is slightly greater than 200 m3, which we believe indicates that the set of scenarios is sufficient to approximate the stochastic problem.
To conduct a trade-off analysis between cost and risk, we have made a few assumptions regarding the costs of conducting a harvest. Harvesting cost can be separated into two parts, a fixed cost and a variable cost. The fixed cost relates to the transportation of equipment to a specific site to conduct the harvesting, and the variable cost relates to the quantity of timber harvested at the particular site. For this trade-off analysis, we have decided to set the fixed cost to 100 units (i.e. € or $) and the variable cost is related to the density of the stand to be harvested.
We will use costs as indicated in In a similar fashion as RMM, we also ran model 3 with a range of volume constraints, however the range of volume constraints included values near the maximum harvested volume for model 1. To understand the influence of the area constraint, we used this approach with all three versions of model 3. The results for model 3b and 3c are reflective of the results obtained by RMM, however the results for model 3a highlight the importance of area constraints (Table 3) .
The values described in Table 3 are not the results from the optimization process, as the standard deviation and coefficient of variation cannot be evaluated through a deterministic optimization model. These values were generated by evaluating the decision over a 10,000 representations of the possible harvesting possibilities of each stand.
The results from the trade-off analysis can be seen in Figure 2 . While the models are not entirely comparable, as the focus of both models are different, the trade-off analysis highlights the different approaches in managing risk. A series of three variables are compared against the total area harvested, while the last variable reflects the m 3 cost of using the different approaches.
Discussion:
There are two ways to cope with uncertainty when a decision needs to be made: a decision maker can make a choice with the current information available, or the decision maker can reduce the uncertainty by collecting additional relevant information. Minimizing the variance of harvested volume can provide a less variable amount of timber, however the reduced variation does require some form of trade-off. In a forest management context, the trade-off can be associated with the area harvested, or with the costs of harvesting. Without considering the trade-offs, risk management can be very costly.
There is always a tradeoff between mitigating the risk involved in decision making and the objective. In the RMM, the cost of reducing uncertainty in the harvested volume was quite steep, an increase of harvested area from 997 to 1983 hectares, which is most likely not acceptable to decision makers. Such solution would be poor both from silvicultural and wood procurement perspectives. It would make more sense to make the trade-off between uncertainty and expected harvest explicit, and let the decision maker to decide how much he is willing to pay for reducing the uncertainty. Moreover, in RMM the risk is defined as the variation of harvested volume, so that also deviations to positive side are also avoided. For most decision makers the approach ensuring a specific downside risk would be more appropriate.
If we look closely at what is happening in the different models, it is possible to understand how preference information can be implicitly incorporated into the different models. As RMM have noted, there is not much of a change between model 1 and model 2. Depending on the area constraints, there can be a significant shift in harvesting for model 3. If the area constraint is equal to model 1 and 2, then there is no change. This can be expected, as obtaining the maximum volume harvested from a limited area has a very limited decision space. When the area constraint is relaxed, a much larger proportion of low volume stands are harvested. So the reduction in total harvested volume variation requires a substantial harvesting in very low volume stands. In order to meet the CVaR constraint, some additional harvests are conducted in model 4. While the total variance is not minimized with the CVaR approach, the downside risk is restricted according to the preferences of the decision maker.
In Table 2 , it is possible to compare the the CVaR, the total area harvest and the area harvested according to the density of the stands. For models 1, 2, 3a and 4, the total area harvested and the distribution of the density of the stands harvested are all rather similar. In model 4, the primary difference is that there is some additional area harvested, focused on the 100-200 m 3 /ha cohort.
In this way, it is rather clear that managing for downside risk reflects the original optimization problem (i.e. model 1).
RMM were also rather interested in the influence of using model 3 on the coefficent of variation, and were of the impression that the CV decreases as volume constraint increases. In table 3 we examine this property, and our results suggest that the CV is dependent on how the optimization model is formulated. For model 3a, the area constraint is rather tight and the CV increases as the volume constraint increases. For model 3b, the area constraint is loosened considerably, and the CV is rather constant as the volume constraints increase. For model 3c, we find similar results as RMM, that with essentially no area constraints, the CV decreases as volume constraints increase.
These results are to be expected, as there is a noticeable trade-off between variation and increased total harvested volume. This trade-off is not as noticeable with model 3b or 3c, as there are possibilities to harvest larger quantities of timber with only a minor increase in variation.
Risk management requires some form of trade-off, this occurs in both model 3 developed by RMM and model 4 developed here. This can be analyzed visually in Figure 2 . As expected, for model 3 the variance decreases with an increased area harvested, while for model 4 there is a slight increase in the variance. The CVaR for model 3 decreases slightly as the area harvested increases, but remains above 13,000 m 3 . For model 4, there is a steady increase in CVaR, as the total harvested area decreases. So, as the decision maker becomes more risk seeking, the harvested area decreases. The third variable describes how risk is accounted for with according to model 4. The volume harvested is essentially constant for model 3, however steadily increases for model 4. To ensure a CVaR above a specific threshold, the total volume harvested increases.
The last variable highlights the cost associated with the approaches. For both models, the cost increases as the appetite for risk decreases. The per-unit cost is substantially lower for model 4
and has a much smaller range (7.5 -8) than model 3. In this analysis, we defined the costs of variables in a way that reflects current operations (pers. comm. V.P. Kivinen 2016). The key assumption we make is that it is more costly (per m 3 ) to harvest sites with lower volume density.
The key to manage risk is to appropriately define the risk preferences of the decision maker. If the sole consideration of the decision maker is to minimize the variance, with a specific increase in the area harvested, then model 3 could be appropriate. However, if the decision maker wishes to ensure that a specific threshold of timber volume is harvested according to a specific risk level, the model 4 could be more appropriate. To manage this risk, model 4 increases the expected harvest level, and this increases the probability of meeting the target volume. By minimizing the area harvested, costs are simultaneously minimized.
Conclusion
Being able to manage risk requires an understanding of the decision maker's preferences towards the management of the forest. The model proposed by RMM suggested that the key aspect of was to minimize the variation of the total harvested timber. While this seemingly makes intuitive sense, we need to also really consider the preferential interpretations of the model. In linear programming models, the constraints are key preferential information and are of more importance than those variables in the objective function. Thus, when integrating risk into the problem formulation, all adjustments need to be carefully thought through, and the impacts on the management of the forest needs to be considered. Large changes in the management practices (i.e. a doubling in the area harvested) should be questioned, and should be analyzed if the adjustments are justifiable and reasonable to a decision maker. .6 * Note that the CVaR is re-evaluated in R using a larger set of scenarios, so for model 4, the CVaR will differ slightly than the expectation of nearly 5,000 m Table 3 . Results of variance minimization utilizing three different constraints for total area harvested. These values are an evaluated of the set of decisions by a simulation of 10,000 possible scenarios.
Model 3a
Model 3b 
